The article deals with the description of calibration and its use in measuring fuel consumption via the CAN-Bus network. The CAN-Bus communication network holds great potential for the area of vehicle testing, since it allows the utilization of internal sensors of the vehicle to monitor its output parameters. In order to ensure proper accuracy of the measurements, however, it is best to perform calibration of the relevant sensors using certifi ed measuring instruments. The main focus of the article is the calibration of the fuel consumption as measured by the CAN-Bus network based on fuel consumption measured by precision mass fl ow meters. Using the least squares method and a regression triplet, a calibration curve was created from the measured data to describe the relation between the two variables. The calibration curve was also used to calculate the reverse estimates along with confi dence intervals for randomly chosen fuel consumptions obtained from the CAN-Bus network. To express the accuracy of the calibration methods, we also defi ned the limit values which express when the signal is still statistically signifi cant enough to be distinguished from noise.
INTRODUCTION
CAN-Bus (Control Area Network) is the most common communication network used in vehicles. The parameters of the network and its data accuracy is set by standards ISO 11898, ISO 11783-2, SAE J2411 and SAE J1939. The network topology allows quick communication between the vehicle's control units. One of the big advantages of the communication network is that it can also be used to record the operating parameters of the vehicle for both diagnostic purposes and within a testing system (Bauer et al., 2013; Vlk, 2006; Štěrba et al., 2011) . When testing a vehicle, it is thus not necessary to install external sensors, which could o en be expensive and time consuming. A problem, however, lies in the accuracy of the data recorded this way. It is therefore advisable to calibrate the data from the CAN-Bus network via precision measuring instruments before using the internal sensors. This article deals with the description of the calibration methods for compiling a calibration model which would describe the relationship between the mass consumption of fuel measured by laboratory sensors and the fuel consumption recorded by the CAN-Bus network in an agricultural tractor.
Generally speaking, calibration consists of two steps. First, the compilation of a calibration model and, second, the use of this model. The compilation of a calibration model is performed using regression methods. When using a calibration model, an inverse function is being solved, i.e. for a measured feedback y, a corresponding value x is being sought along with its static characteristics. There are two basic types of calibration: absolute and comparative. Absolute calibration searches for a relation between a measurable quantity, called signal, and a quantity which determines the state or the properties of the system. In comparative calibration, one device is calibrated in relation to another one (Meloun and Militký, 2012; Scheff é, 1973) .
When building calibration or regression models, the most commonly used is the least squares method (Jarušková, 1996; Chatterjee and Hadi, 2006) . However, the least squares method provides suffi cient parameter estimates only when the assumptions regarding data and the regression model are met. If these assumptions are not met, the results calculated by the least squares method lose their properties. For this reason, the compilation of a regression model consists of a proposal and a subsequent regression diagnostic called regression triplet. The regression triplet consists of data critique, model critique and method critique. The process of constructing a regression model is described in detail for example in Meloun and Militký (2001) .
MATERIALS AND METHODS
The data for calibration was obtained when measuring Claas Axion 850 Cebis tractor in a cylinder testing room in the laboratories of the Department of Technology and Automobile Transport of the Mendel University in Brno. The tests included the measurement of fuel consumption using mass fl ow meters Coriolis Sitrans FC MassFlo Mass 6000. In order to minimize the infl uence on the operation of the tractor's fuel system, two fl ow meters were used in diff erential connection into the low-pressure portion of the fuel system. The measurement accuracy of the fl ow meters is 0.1% of the measured value. The fl ow measurement range is 0-1,000 kg.h −1 with the range of the specifi c weight of measured agents being 0-2,900 kg.m −3 (Čupera et al., 2010) .
During the test, data was read from the CAN-Bus network by a computer connected to the tractor via DLC using proprietary so ware created at the Department of Technology and Automotive Transport. The communication speed was 250 kbps with the data reading frequency from the CAN-Bus network being 20 Hz.
To be able to determine the fuel consumption in various modes of the engine, the tractor was connected (via the power take-off sha ) to a vortex dynamometer, type: V500. Using the vortex dynamometer, the engine of the tractor was stressed to the required torque and revolutions. Measurements were performed using a static method in line with the OECD standard.
Statistical analyses, creation of the regression model and the calculation of the calibration limits and reverse estimates were done using QC.Expert 3.3 and ADSTAT 1.25 so ware. Via regression analysis, the measured values were used to compile a regression model. Before the compilation itself, the data had to be critiqued and checked for outliers. As reported for example by Meloun et al. (2002) and Massart and Kaufman (1986) , the presence of outliers in the data infl uences not only the correctness of the regression coeffi cient calculation, but also the accuracy of the subsequent calibration. Figs. 1 and 2 display the graphs of infl uential points, Williams graph and Pregibon graph, which are one of the many used to identify outliers. The graphs show the presence of several outliers in the measured fuel consumption data.
A er removing the outliers from the data, the estimates were recalculated and a more accurate linear model was compiled. The signifi cance level was selected before the calculation itself as  = 0.05. The statistical signifi cance of the individual regression coeffi cients and the correctness of the calculated model was subsequently verifi ed using a number of statistical tests, such as: Student's t-test, Fisher-Snedecor test of regression model signifi cance, Cook-Weisberg test of residues . However, a negative fuel consumption is not possible. It must thus be stated, that the calculated calibration curve is valid only for the range of measured values i.e. x  <5.99; 37.85> in kg.h −1 and y  <4.38; 45.27> in l.h −1 . To be able to also describe the relation between x  <0; 5.99) and y  <0; 4.38), it is necessary to carry out additional measurements and complete the data matrix with these values. Since we can assume that the relation between the variables at low values will be parabolic (both consumptions will start at point 0; 0), the creation of the calibration model will require the use of a spline function.
RESULTS AND DISCUSSION
Using the completed equation (1) a reverse estimate can now be performed. The use of this equation or calibration model lies in the best possible estimation of the unknown value of x, i.e. in determining the mass consumption of fuel based on one or several repeated measurements of feedback y (fuel consumption from the CAN-Bus network). The reverse estimate is the main point of the calibration.
The reverse estimate and its confi dence interval can be determined in several ways. O en a direct estimate and Naszodi's revised estimate is used (Meloun and Militký, 2012) . A direct estimate is achieved based on the equation:
where y * ... the measured value of the signal (or the average of y * for M > 1 of repeated measurements), b 1 ... the estimate of the calibration line direction, y .... and  x is the average of the variables.
The estimate using direct estimation is generally considered deviated. Correction of the deviation is performed using Naszodi's revised estimate (Meloun et al., 2002) :
These point estimates, however, must be completed with a confi dence interval. For the calculation of a 95% confi dence interval for direct estimate and Naszodi's revised estimate, the following relations are used (at asymptotic normality):
where D(x * ) represents the dispersion of the x parameter estimate. If the estimate of the calibration line direction is suffi ciently accurate, the approximate confi dence interval can be used for the unknown parameter in the following form (Meloun et al., 2002) :
For the calculation of reverse estimates, several fuel consumption values were set, which can be obtained from the CAN-Bus network. These values ranged from 5 to 45 l.h −1 in increments of 5 l.h −1 . For these values, direct and Naszodi's estimates were calculated. Along with these estimates, 95% confi dence intervals were calculated. Tab. I lists the results of the reverse estimates along with confi dence intervals.
As the table shows, both estimates are the same. Therefore, the conclusions of the authors (Meloun and Militký, 2012) are confi rmed  having suffi ciently accurate data with small dispersion around the regression line, a simple classic direct estimate is suffi cient.
The next step in the calibration task is the calibration accuracy, expressed via the calibration limits. Calculating the calibration limits establishes the limit values for which the signal is still statistically diff erentiated from the noise (Zorn et al., 1999; Meloun and Militký, 2012) . The accuracy of the calibration is thus expressed by the critical level y c , the detection limit y D and the determination limit y s . Fig. 3 shows a part of the calibration curve with the above calibration limits highlighted.
The critical level represents the upper limit of the confi dence interval (in this case, 95% of the confi dence interval) of the signal prediction from the calibration model, for fuel consumption in [kg.h ] equal to zero. Values lower than y c are considered noise, or a blank (Kupka, 2000) . In our case, the values are less than −3.621 l.h −1 , or less than 0.171 kg.h −1 (x c ). The detection limit y D corresponds to the fuel consumption provided by the CAN-Bus network for which the lower limit of 100(1 − ) % of the confi dence interval of the signal prediction equals y c . The detection limit for mass consumption of fuel x D indicates the minimum fuel consumption measured by the Coriolis fl ow meter which is diff erentiable from the zero value with a probability of (1 − ). . As is evident from the critical level and the detection limit, the values of y c and y d are negative, which is, as already mentioned, unrealistic. These results also confi rm the need for the use of a spline function when creating the calibration model.
I: Calibration
The last calculated critical level was the determination limit y s . The determination limit is the smallest value in the signal for which the relative standard deviation of prediction is still suffi ciently small and equal to C. For C, a value of C = 0.1 is usually chosen (Meloun and Militký, 2012 . Fig. 3 also shows the calculated Working-Hotelling confi dence bands of the regression line (red curves).
CONCLUSION
The main objective of these measurements and the article itself was the calibration of the measured fuel consumption read by the CAN-Bus network according to the fuel consumption measured by the mass fl ow meters. Using the least squares method and regression triplet, the data measured were then compiled into a calibration line describing the relation between both variables. When creating the calibration model, it was discovered that the fuel consumption has a linear course for the range of values we measured. In case the input data would also include low fuel consumption values starting from the origin, a spline function would have to be used when creating the calibration model. Using the calibration curve, we also calculated the reverse estimates along with confi dence intervals for randomly selected fuel consumption values from the CAN-Bus network readings. To express the accuracy of the calibration methods, we also defi ned the limit values which express when the signal is still statistically signifi cant as opposed to noise. The CAN-Bus communication network holds great potential for the area of vehicle testing, since it allows the utilization of internal sensors of the vehicle to monitor its output parameters. Due to the need for accuracy of measurement, however, it is advisable to perform a calibration of the relevant sensors using certifi ed measuring instruments in order to avoid inaccurate data readings.
